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Abstract:  15 
A warming climate will affect regional precipitation and hence food supply. However, 16 
only a few regions around the world are currently undergoing precipitation changes that 17 
can be attributed to climate change. Knowing when such changes are projected to emerge 18 
outside natural variability – the time of emergence (TOE) – is critical for taking effective 19 
adaptation measures. Using ensemble climate projections, we determine the TOE of 20 
regional precipitation changes globally and in particular for the growing areas of four 21 
major crops. We find relatively early (< 2040) emergence of precipitation trends for all 22 
four crops. Reduced (increased) precipitation trends encompass 1–14% (3–31%) of global 23 
production of maize, wheat, rice and soybean. The existence of a TOE even under the 24 
lowest emission scenario emphasizes the urgent need for adaptation measures.  25 
 26 
One Sentence Summary: precipitation change signal will emerge outside natural variability, in 27 




Basic thermodynamics principles imply that global precipitation will increase in a warmer world, 32 
but with significant regional variations. The intensification of the hydrological cycle will result 33 
in a precipitation change pattern that has been termed “rich-get-richer and poor get poorer” 34 
mechanism(1). Due to large-scale atmospheric circulation and land-sea contrasts, regions that are 35 
already wet, such as the tropics and high latitudes will become wetter, while dryer subtropical 36 
regions will become dryer(2).  37 
 38 
Consistent precipitation changes are found in several regions in the two most recent simulation 39 
datasets of the Coupled Model Intercomparison Project (CMIP3 and CMIP5), which follow to a 40 
large degree the “rich-get-richer” expected pattern, especially over oceans (3). Observational 41 
datasets indicate robust and statistically significant positive precipitation tendencies in parts of 42 
the northern hemisphere high latitudes(3), whereas mixed signals have been found in the 43 
tropics(4). 44 
 45 
Although the spatial patterns of changes have been widely investigated, few studies have 46 
addressed the question of timing, i.e. when during the 21th Century the precipitation changes will 47 
consistently emerge outside the range of natural variability(5,	6). Notably, no assessment of the 48 
timing of changes in precipitation with focus on agricultural activities has been carried out to 49 
date (but see refs.(7,	8)). The Time of Emergence (TOE) is here defined as the moment when the 50 
magnitude of the ensemble mean precipitation change becomes greater than the uncertainty due 51 
to natural variability(5). Note that the methodology applied leads to a TOE estimation that 52 
represents an upper limit (conservative estimate) of the true TOE (see Methods).  53 
 54 
Although not the only relevant variable(9), precipitation variability plays a significant role in the 55 
agriculture sector, particularly as rainfed agriculture constitutes 60–95% of farmed land across 56 
the developing world(10). Crop-climate model projections indicate that reductions in 57 
agricultural productivity of 0.5 % in average are likely per every % reduction in precipitation, 58 
though with large spatial variability(7,	11). In addition, global food supply is vulnerable because 59 
a large fraction of the global food production is concentrated in selected regions of the world(12,	60 
13). Knowledge of the future precipitation trends in these regions is therefore of utmost 61 
importance for the development and implementation of adequate adaptation strategies that will 62 
ensure that future global food demand is met by production(14,	15). Here we use a multi-model 63 
ensemble from the 21 CMIP5 (ref.(16)) climate models that simulated all four Representative 64 
Concentration Pathways (RCP) scenarios(17) (Supplementary Table 1, see Methods) to identify 65 
key regions of the world where a precipitation TOE exists during the 21st century. We analyse 66 
both the annual mean and specific growing seasons and areas of the four major crops (wheat, 67 
soybean, rice and maize), which together account for ~40 % of total calorie intake globally (15). 68 
The TOE assessment by growing seasons helps identify regions in which 21st century crop 69 
production is expected to be permanently exposed to climate change-induced precipitation 70 




The calculation of the TOE for the annual mean precipitation (Fig. 1) indicates that in several 75 
regions around the globe coherent patterns of increased (blue shading, 22-30% of global area) 76 
and decreased (red shading, 1-6% of global area) precipitation trends emerge in all four RCPs 77 
(Supplementary Table 2). Spatially, the TOE resembles the “rich-get-richer” pattern. The 78 
northern high latitudes, including Canada, eastern US, northern Europe and Russia, exhibit a 79 
very early TOE of positive precipitation changes, some of them emerging as early as 2020 or 80 
having already emerged(3). Southern high latitudes exhibit a similarly early TOE mostly over 81 
oceans. These changes are mostly explained by the thermodynamic increase in available 82 
humidity(18) and poleward shifted storm-tracks(19). In the tropics, our results indicate an 83 
increase of precipitation in the Inter Tropical Convergence Zone (ITCZ) also relatively early (< 84 
2030). Changes in the tropics are thought to be mainly driven by atmospheric circulation changes 85 
(ascent regions)(1, 20). Another important region with a positive precipitation change is India 86 
(<2030 for RCP8.5). As the ICTZ induces no TOE over neither South America nor Africa, this 87 
unique response of the Indian subcontinent may result from a positive response of the summer 88 
monsoon to climate change (ref. (21) and references therein). 89 
 90 
Negative precipitation trends emerging outside natural variability occur in the Mediterranean 91 
region in all four RCPs early to mid-century, in western Mexico (only in RCP 4.5 and RCP 8.5) 92 
after mid-century, and in three subtropical regions in the southern hemisphere (SH) around mid-93 
century in all four RCPs (Fig. 1), all of them Mediterranean-like climate regions. The drying 94 
trend in the subtropical dry regions is mainly thought to be a result of reduced water vapour in 95 
regions of subsidence(1). In both hemispheres, but especially in the three SH regions, the drying 96 
occurs predominantly on the eastern side of the subtropical highs. This suggests a stronger 97 
advection of cool air masses from polar areas that increase the atmospheric stability in those 98 
regions and facilitates subsidence, as a result of a poleward expansion of the Hadley Cell(19, 22) 99 
or strengthening of the circulation driven by thermodynamics of a warmer surface(23). Note that 100 
regions where a drying trend is expected all have significant natural variability in both 101 
observations and CMIP5 models (Supplementary Figs. S1, S2 and S3). 102 
 103 
The northern high latitude TOE pattern is mostly a result of the winter precipitation increase 104 
(Supplementary Fig. S5), and corresponds to 10-20% precipitation increase at the TOE with 105 
respect to the 1986-2005 (historical baseline) level (Supplementary Fig. S6). Positive 106 
precipitation changes in the tropical regions (ITCZ and India) at TOE correspond to changes of 107 
20-30%, and are due to both summer and winter contributions. The early drying (<2040) in the 108 
Mediterranean region corresponds to a 10-30% reduction. Seasonally, the winter precipitation 109 
decrease contributes to the signal in northern Africa and the Mediterranean Sea, whereas the 110 
summer drying is more important in southern Europe, including France (Supplementary Fig. S5). 111 
In the three SH regions, drying at the TOE is between 10-20% and the largest contribution to the 112 
drying is decrease in winter precipitation. 113 
Discussion 114 
Changes in total available precipitation are a major risk for the global supply of food in the 21st 115 
century(7, 24). Recent climatic changes and climate variability have already put a stress on 116 
global food production(25). In order to estimate the potential implications of precipitation signal 117 
emergence for agriculture, we computed the TOE globally for the growing seasons in the 118 
production regions of the four major crops. Figure 2 shows the TOE by growing season for the 119 
RCP8.5 (see Supplementary Figs. S7, S8, S9 for other RCPs), indicating at what time wheat-, 120 
soybean-, rice- and maize-based farming systems, can expect regional climate to permanently 121 
leave the previous mean climate state and either settle around a new mean state or continue 122 
changing for the respective growing seasons. The majority of cropped areas for these crops do 123 
not show a TOE. Note that this does not mean that these regions do not have a precipitation 124 
trend, but just that the trend stays within the limits of the natural variability during the time range 125 
of our analysis. Nevertheless, a globally significant percentage of current production will be 126 
affected by a TOE of precipitation changes (Table 1). By doing the calculations for the specific 127 
growing season of the crops, a number of differences with annual mean calculation are apparent. 128 
For example, an earlier decreasing precipitation TOE emerges in Mexico and southern Africa for 129 
wheat, than in the annual mean calculation. In Europe, a decreasing precipitation TOE will affect 130 
a larger area of maize production as compared to the annual mean calculation. 131 
Several agricultural regions in the northern hemisphere may experience a precipitation increase 132 
that will be permanently outside the current climate variability around mid-century (Fig. 2). Of 133 
particular importance are the present high-yielding regions in China, northern India, and the 134 
eastern USA. A key issue that emerges is thus the extent to which yield changes are expected in 135 
these regions. As a first approximation, we use a simple correlational analysis that shows that on 136 
average agricultural yield will increase with precipitation (Supplementary Fig. S10). We may 137 
therefore expect an average increase in agricultural yield from regions with a positive TOE. 138 
Whilst our trend analysis is not predictive and lacks the physiological detail necessary to explain 139 
the processes behind the yield-precipitation associations, it should capture the first order yield-140 
precipitation interactions in areas where robust precipitation changes are projected during the 21st 141 
century. More detailed yield responses may be investigated using empirical and/or process-based 142 
models (e.g. refs.(26, 27)). These could provide detailed insight on potential yield changes, the 143 
processes driving such yield changes, and on the robustness and uncertainties in yield 144 
projections. 145 
The generally positive yield outcome in regions with increasing precipitation trends might be 146 
dampened by an important caveat: The clay, clay loam, and loam soils in these regions makes 147 
them susceptible to floods with increased precipitation. Increased precipitation does not by itself 148 
necessarily increase the flood risk, since coeval higher temperature will also enhance surface 149 
evapotranspiration. Therefore, in Fig. 3 we show the surface runoff changes and temperature at 150 
TOE for RCP8.5. Runoff can be regarded as an indicator of top-soil saturation and hence 151 
flooding. Temperature changes at the TOE are in the range of 0.5-2°C. The enhanced runoff in 152 
China, India, and the eastern USA suggests higher frequency of flooding events in all three 153 
regions. Due to the relatively early TOE in these regions temperatures increases will be in the 154 
lower range, up to 1°C. Potentially higher yields due to enhanced precipitation may therefore be 155 
negated by more flood events without investment in infrastructure and other adaptation 156 
measures. Similarly, currently dry and low-yielding regions in eastern Africa and southern India 157 
may experience wetter conditions in the future (Supplementary Table 3), which may also result 158 
in higher flood risk due to the low soil moisture absorption in these regions. Furthermore, over 159 
the last decades wheat in the US has increased, but under a cooling trend in the last decades 160 
(25), whereas for the TOE important warming is expected in this region (Fig 3b). On the other 161 
hand, yield in India has already shown decreases with recent positive temperature and 162 
precipitation trends(25). 163 
 164 
High-yielding agricultural production in the northern hemisphere that may be impacted by 165 
reduced precipitation is concentrated in south-western Turkey, Italy, Southern France, the Iberian 166 
Peninsula, Morocco, and central Mexico. Areas with a TOE of decreasing precipitation in the 167 
northern hemisphere currently grow 75 million tons (11% of global production) of wheat and 53 168 
million tons (8% of global production) of maize. In those countries about 62% of wheat and 69% 169 
of maize production will potentially be impacted in RCP8.5 (Supplementary Table 4). 170 
 171 
In the southern hemisphere, some regions in Ecuador, Uruguay, Argentina, and Papua-Papua 172 
New Guinea have a relatively late (>2060) TOE of increasing precipitation. The major feature in 173 
the southern hemisphere is the drying of the subtropical landmasses, particularly, around the tip 174 
of South Africa, Central Chile and in southern and south-western Australia. In these last two 175 
regions, this represents approximately a 50 and 30% of the countries wheat production, 176 
respectively. For southern Africa existing evidence suggests that these changes, coupled with 177 
projected temperature changes would reduce wheat and, to a lesser extent, maize production 178 
significantly(28). In these areas, 42 million tonnes of wheat (6 % global production) are currently 179 
produced, of which about 34% will be impacted in RCP8.5. Supplementary Tables 3 and 4 give 180 
detailed values by country.  181 
 182 
Figure 4 shows the cumulative percentage of production of the four crops under RCP 8.5. 183 
Overall between 20-30% of production is affected by precipitation increase, starting early in this 184 
century and quickly increasing after 2040. Precipitation decrease is found to affect mostly wheat 185 
and maize growing regions, from 2030 onwards. Note that although most agricultural regions do 186 
not experience a TOE –as identified by the CMIP5 simulations-, the production is not evenly 187 
distributed between all regions, and they might still be affected by varying precipitation trends (7,	188 
13). 189 
The TOE of precipitation changes (positive and negative) found in this study allow identifying 190 
regions where precipitation changes are projected to move outside known natural variability 191 
within the 21st century, and hence can help to determine timescales at which policies and actions 192 
to adapt to climate change should be in place (see e.g. refs. (8, 29). Clearly, adaptation to climate 193 
change must also account for impacts from changes in temperature, evapotranspiration, and 194 
extreme events among others, and hence many more regions than those found in this study are 195 
concerned. While only further analyses using detailed crop modelling approaches will help 196 
developing quantitative yield projections (which could be positive or negative), our TOE 197 
analysis identifies the spatial and temporal range where these studies may be most urgently 198 
needed. The positive and negative precipitation trends identified in this study will in all 199 
likelihood require regional investment in adaptation, though a more complete diagnosis of 200 
productivity and cropped area change at TOE than we have performed here is warranted to guide 201 
such adaptation investments. Flood and drought intensification may require governments to 202 
invest in infrastructure resilience, and farmers to reconfigure their cropping systems towards 203 
growing more drought tolerant crops (e.g. from maize to sorghum or millets). One result of this 204 
analysis we would like to stress in particular is that a TOE was found for most of the regions 205 
even in the low emission RCP2.6 scenario, highlighting the need for adaptation even under 206 
stringent mitigation scenarios. 207 
 208 
Methods 209 
Calculation of Time of Emergence 210 
A total number of 21 CMIP5 models were used in this study, analysing simulations of the 211 
historical and all four RCP scenarios experiments. Most of the models comprise more than one 212 
and up to 25 ensemble members in their experiments (Supplementary Table 1). The Time of 213 
Emergence is the ratio between the climate change precipitation signal and the estimated natural 214 
variability and uncertainty, calculated as described in ref (5). All models were linearly 215 
interpolated onto a common 1x1 degree grid. As a sensitivity test, the same analysis was 216 
performed on a 2x2 grid with similar results (not shown). At each grid point the mean 20th 217 
Century precipitation is calculated as the mean of the 1986-2005 period. We consecutively 218 
calculate the model mean precipitation change using a 20-year running window of the difference 219 
with respect to the base period. The total uncertainty due to inter-model spread and internal 220 
multi-decadal variability is calculated by adding the variance of each model with respect to the 221 
multi-model ensemble mean (inter-model component) to the variance of each model with respect 222 
to its own ensemble mean (decadal component). Ref. (5) emphasize that in this procedure the 223 
information is most affected by the models with a larger number of realizations, but as in their 224 
work, in this study the internal decadal variability is much smaller that the uncertainty due to 225 
inter-model spread. Because of this additional variability resulting from inter-model spread, our 226 
TOE estimates represent an upper limit (conservative estimate) of the true TOE. After having 227 
defined the measures of signal and noise, the running temporal average of 20-year ensemble 228 
mean change of precipitation and associated total variance of the 20-year changes is calculated. 229 
For each grid cell, we thus obtain a yearly time series of mean 20-year changes and uncertainty, 230 
where for each year of the time series the running average is taken over the previous 10 and 231 
following 10 years. Once the time series of ensemble mean changes and corresponding total STD 232 
are calculated, the TOE is defined as the time at which the magnitude of the mean change 233 
becomes greater than that of the STD and remains so thereafter.  234 
Model validation 235 
The correct calculation of the TOE depends on the ability of models to reproduce natural 236 
variability. To account for model biases, we compare natural and simulated precipitation 237 
variability using the coefficient of variation. Variability of natural and simulated precipitation 238 
was evaluated by calculating the coefficient of variation over the period 1901-2005 in the CRU 239 
and full CMIP5 monthly data, respectively (Supplementary Fig. 1). Both datasets show good 240 
spatial agreement, although the CMIP5 ensemble tends to underestimate the variance in some 241 
areas, in particular in agricultural regions. In both data and models the inter-annual variability 242 
represents between 60-80% of the total variance (Supplementary Fig. S2). The slight 243 
underestimation of the total variance in the models seems to mainly stem from the models’ lower 244 
decadal variability compared to the CRU data (Supplementary Fig. S3). However, as inter model 245 
spread is likely larger than natural variability, our TOE calculation will represent an upper bound 246 
of the true time at which precipitation changes may emerge above/below natural variability of 247 
the historical climate. Finally, a low-pass filter was constructed to separate the decadal 248 
component of this variance, and a high-pass filter to separate the inter-annual component of the 249 
variance, for the annually averaged CRU and CMIP5 data. The calculation of the coefficient of 250 
variation over the period 1901-2005 individually in each model shows similar performance than 251 
the ensemble mean (not shown). Supplementary Fig. S4 shows for three latitudinal bands the 252 
distribution of the differences between the coefficients of variation of each model and CRU, 253 
indicating that the models have lower variance compared to the observations, especially at mid to 254 
high latitudes. 255 
 256 
Agriculture calculations 257 
The global analysis of TOE for agriculture was performed using the same procedures as for the 258 
annual mean, but for the growing seasons and global harvested areas of four crops. Our analysis 259 
focused on wheat, soybean, rice and maize, which together contribute to ca. 40 % of daily per 260 
capita caloric intake across the globe(30). Crop calendars were gathered from the study of ref. 261 
(31), in which a global crop calendar for each crop was derived through harmonization of 262 
existing global cropping calendar datasets(32-34). Harvested areas and production data were 263 
gathered from ref. (12). Crop calendar, harvested area and production data were aggregated to 264 
the analysis grid (1x1 degree) and then used to define where and when (i.e. the planting-to-265 
harvest periods) for which to compute mean precipitation and then conduct the TOE analysis. 266 
Gridded production data were then used together with the results of the TOE analysis to compute 267 
the total and proportional amounts of area affected by detectable positive or negative 268 
precipitation trends. In Figure 2 we only plotted grid-cells that had at least an area of 1% of the 269 
harvested crop. For calculations of tables 1 and Supplementary tables 3 and 4 we used values of 270 
all grid-cells, without considering a threshold. 271 
To understand possible yield implications of projected seasonal precipitation changes at the Time 272 
of Emergence (TOE), the following analysis was conducted. The meta-analysis database from 273 
ref.(7) was used to identify the extent of variation in the yield response given precipitation 274 
change scenarios. We refrain from a more complex analysis since the primary aim of this study 275 
is to detect robust precipitation changes in areas and times in which crops are grown, rather than 276 
to estimate potential effects on crop productivity, growing areas or production, or to understand 277 
with sufficient detail the processes involved in potential yield changes. Future studies could build 278 
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Figure 1: Time of emergence (year) of annual precipitation in (a) RCP2.6, (b) RCP4.5, (c) RCP6.0 and (d) RCP8.5. 405 
Red colours scale used for regions with precipitation decrease. Blue colour scale used for regions with precipitation 406 
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Figure 2: Time of emergence (year) of precipitation changes for RCP8.5 by growing season of (a) wheat, (b) 442 
soybean, (c) rice and (d) maize. Red colours scale used for regions with precipitation decrease. Blue colour scale 443 
used for regions with precipitation increase. Grey indicates regions where crop is grown, all grid cells with harvested 444 
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Figure 4: Cumulative percentage of global production of four mayor crops affected by (a) positive and (b) negative 491 
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Supplementary Text S1: Yield sensitivity to changes in precipitation 503 
 504 
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 506 
To understand possible yield implications of projected seasonal precipitation changes at the Time of Emergence 507 
(TOE), the following analysis was conducted.  508 
 509 
The meta-analysis database from ref.1 was used to identify the extent of variation in the yield response given 510 
precipitation change scenarios. We refrain from a more complex analysis since the primary aim of this study is to 511 
detect robust precipitation changes in areas and times in which crops are grown, rather than to estimate potential 512 
effects on crop productivity, growing areas or production, or to understand with sufficient detail the processes 513 
involved in potential yield changes. Future studies could build upon our analysis to develop a more detailed 514 
understanding of yield implications at TOE. 515 
 516 
Analysis: variation in yield with respect to precipitation from a meta-analysis of crop model simulations 517 
We gathered data from ref.1 for maize, soybean, wheat and rice, globally, and produced a box plot of yield change 518 
vs. precipitation. Briefly, ref.1 reviewed and digitized ~1,700 crop model simulation outputs from the peer-reviewed 519 
literature, including both statistical and process-based crop model results. Here, we used a subset of the original 520 
dataset, since only those simulations with reported numerical values in the change in precipitation (dP, in %) and 521 
only for maize, soybean, wheat and rice were used. These totalled 1,103 individual observations of crop yield and 522 
precipitation changes for the 21st century. 523 
 524 
Fig. S10 shows the projected yield changes with respect to precipitation changes at the global scale for the four 525 
crops. On average, at the global scale, crop yields respond positively to precipitation, especially between –20 % and 526 
+30 % (see the median value). That is, the more precipitation the higher the yield. Nevertheless, two key features are 527 
evident in Fig. S10. First, the two categories below –30 % in the precipitation axis show that the median yield effect 528 
is near zero or positive. Secondly, there are cases when precipitation decreases lead to increased yields, and vice 529 
versa, for all categories. Since a substantial part of this yield variation comes from the fact that the individual 530 
simulations are performed in different places across the globe, it is thus clear that there will be spatial variation in 531 
the direction and extent of crop yield responses to precipitation changes. 532 
 533 
Whilst our analysis is not predictive and lacks the physiological detail necessary to explain the processes behind the 534 
yield-precipitation associations we see, it is a first attempt to characterise yield-precipitation interactions in areas 535 
where robust precipitation changes are projected during the 21st century. Future studies should investigate yield 536 
responses in more detail, using empirical and/or process-based models (e.g. refs.2-4). These could provide detailed 537 
insight on potential yield changes, the processes driving such yield changes, and on the robustness and uncertainties 538 
in yield projections. 539 
 540 
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bcc-csm1-1 3 1 1 1 1 
bcc-csm-1-1-m 3 1 1 1 1 
CCSM4 8 6 6 6 6 
CESM1-CAM5 3 1 3 3 3 
CSIRO-Mk3-6-0 10 10 10 10 10 
FIO-ESM 3 3 3 3 3 
GFDL-CM3 5 1 1 1 1 
GFDL-ESM2G 3 1 1 1 1 
GFDL-ESM-2M 1 1 1 1 1 
GISS-E2-H 17 3 16 3 5 
GISS-E2-R 25 3 14 3 5 
HadGEM2-AO 1 1 1 1 1 
HadGEM2-ES 4 4 4 3 4 
IPSL-CM5A-LR 6 4 4 1 4 
IPSL-CM5A-MR 3 1 1 1 1 
MIROC5 5 3 3 3 3 
MIROC-ESM 3 1 1 1 1 
MIROC-ESM-
CHEM 
1 1 1 1 1 
MRI-CGCM3 5 1 1 1 1 
NorESM1 3 1 1 1 1 
NorESM1-ME 1 1 1 1 1 
 561 
 562 
Supplementary Table 2: Percentage area of land that will experience a TOE of positive and negative precipitation 563 
change by emission scenario. 564 
RCP scenario % area of positive 
precipitation change 
% area of negative 
precipitation change 
RCP2.6 22 0.5 
RCP4.5 25 2 
RCP6.0 26 2 














Supplementary Table 3: potentially affected production of crop by RCP with a TOE of increasing precipitation 578 
change by country. For each country, first row corresponds to production in 1000 tonnes; second row is the 579 
percentage of total country production. Note that only countries with a change are listed. 580 
	 Wheat	 Soybean	 Rice	 Maize	
Country	 RCP26	 RCP45	 RCP60	 RCP85	 RCP26	 RCP45	 RCP60	 RCP85	 RCP26	 RCP45	 RCP60	 RCP85	 RCP26	 RCP45	 RCP60	 RCP85	
Afghanistan	 0	 0	 0	 0	 0	 0	 5	 5	 0	 0	 0	 13	 0	 0	 0	 1	
0	 0	 0	 0	 0	 0	 52	 52	 0	 0	 0	 4	 0	 0	 0	 0	
Argentina	 0	 0	 0	 0	 0	 155	 13230	 16793	 0	 0	 490	 510	 0	 0	 1557	 6010	
0	 0	 0	 0	 0	 1	 55	 70	 0	 0	 34	 35	 0	 0	 9	 35	
Bangladesh	 0	 0	 0	 0	 0	 0	 0	 1	 0	 0	 0	 4525	 0	 0	 0	 3	
0	 0	 0	 0	 0	 0	 0	 15	 0	 0	 0	 14	 0	 0	 0	 23	
Belarus	 97	 379	 379	 402	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	
9	 37	 37	 39	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	
Bhutan	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	
0	 0	 0	 0	 0	 0	 0	 5	 0	 0	 0	 0	 0	 0	 0	 0	
Brazil	 0	 0	 0	 0	 0	 0	 1504	 3325	 0	 0	 74	 3667	 0	 0	 3526	 2853	
0	 0	 0	 0	 0	 0	 4	 9	 0	 0	 1	 34	 0	 0	 10	 8	
Burma	 0	 0	 1	 6	 0	 0	 4	 9	 0	 170	 2697	 4275	 0	 0	 0	 10	
0	 0	 1	 4	 0	 0	 4	 8	 0	 1	 14	 22	 0	 0	 0	 2	
Canada	 2309	 2342	 2400	 2412	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	




0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 2	 0	 0	 0	 0	 0	
0	 0	 12	 12	 0	 0	 0	 0	 0	 0	 4	 0	 0	 0	 0	 0	
China	 37432	 80340	 77113	 85266	 2091	 6915	 2298	 9602	 10801	 25166	 5868	 21121	 11667	 54545	 12275	 87732	
36	 77	 74	 82	 13	 44	 15	 61	 6	 13	 3	 11	 10	 45	 10	 73	
Colombia	 1	 0	 18	 24	 0	 0	 0	 0	 0	 0	 506	 581	 54	 0	 276	 321	
1	 0	 27	 36	 0	 0	 0	 0	 0	 0	 23	 27	 4	 0	 22	 26	
Denmark	 616	 4185	 4185	 4185	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	
15	 100	 100	 100	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	
Djibouti	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	
0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	
Ecuador	 0	 3	 17	 18	 0	 0	 0	 3	 0	 0	 553	 1053	 0	 74	 406	 536	
0	 16	 93	 100	 0	 0	 0	 4	 0	 0	 46	 88	 0	 13	 74	 98	
Egypt	 0	 0	 0	 0	 4	 1	 0	 5	 2	 2	 21	 432	 0	 0	 1	 1800	
0	 0	 0	 0	 7	 1	 0	 7	 0.02	 0.02	 0.2	 4	 0	 0	 0.01	 11	
Estonia	 34	 34	 34	 34	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	
24	 24	 24	 24	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	
Ethiopia	 0	 43	 242	 628	 0	 2	 11	 11	 0	 0	 0	 1	 0	 0	 75	 905	
0	 3	 18	 46	 0	 5	 36	 38	 0	 5	 6	 21	 0	 0	 2	 29	
Finland	 0	 0	 0	 142	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	
0	 0	 0	 14	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	
Gabon	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 1	 25	
0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 8	 0	 0	 1	 28	
Germany	 262	 609	 262	 1914	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	
2	 4	 2	 11	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	
India	 0	 1090	 13272	 20859	 3408	 5846	 5916	 5925	 22573	 59620	 80829	 102831	 4002	 5792	 7896	 9086	
0	 2	 19	 30	 57	 98	 99	 100	 17	 46	 63	 80	 40	 58	 79	 91	
Iran	(Islamic	
Republic	of)	
0	 0	 0	 0	 0	 0	 0	 48	 0	 0	 0	 0	 0	 0	 0	 43	
0	 0	 0	 0	 0	 0	 0	 14	 0	 0	 0	 0	 0	 0	 0	 1	
Iraq	 0	 0	 0	 0	 0	 0	 0	 0	 15	 0	 0	 0	 69	 39	 9	 82	
0	 0	 0	 0	 0	 0	 0	 0	 4	 0	 0	 0	 28	 16	 4	 34	
Japan	 609	 512	 499	 534	 153	 229	 240	 232	 948	 12468	 9343	 13242	 0	 0	 0	 0	
69	 58	 56	 60	 57	 85	 89	 86	 7	 91	 68	 97	 22	 84	 91	 89	
Kenya	 0	 0	 0	 25	 0	 0.3	 0.3	 1	 0	 0	 0	 0	 0	 0	 0	 0	





0	 101	 112	 112	 70	 250	 336	 336	 401	 1445	 1982	 1982	 285	 537	 1407	 1407	
0	 90	 100	 100	 21	 75	 100	 100	 20	 73	 100	 100	 20	 38	 100	 100	
Republic	of	
Korea	
0	 15	 11	 12	 0	 142	 142	 142	 0	 6144	 6392	 6392	 0	 182	 182	 182	
0	 100	 72	 77	 0	 100	 100	 100	 0	 96	 100	 100	 0	 100	 100	 100	
Kuwait	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 8	 0	 0	 8	




0	 0	 0	 0	 0	 0	 0	 0	 0	 103	 103	 222	 0	 0	 0	 0	
0	 0	 0	 0	 0	 0	 0	 0	 0	 5	 5	 12	 0	 0	 0	 0	
Latvia	 136	 254	 254	 254	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	
33	 62	 62	 62	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	
Lithuania	 197	 1079	 1079	 1079	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	
18	 98	 98	 98	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	
Mali	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 133	 1	 0	 0	 1	
0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 17	 0.3	 0	 0	 0.3	
Mongolia	 9	 137	 20	 185	 0	 0	 0	 0	 0	 0	 0	 0	 0	 7	 0	 9	
3	 49	 7	 66	 0	 9	 0	 10	 0	 2	 0	 6	 0	 30	 0	 37	
Nepal	 0	 0	 0	 0	 7	 12	 12	 14	 1665	 2380	 2380	 2380	 183	 922	 946	 1109	
0	 0	 0	 0	 41	 75	 75	 86	 48	 69	 69	 69	 14	 70	 72	 85	
Netherlands	 300	 709	 442	 868	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	
30	 71	 44	 87	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	
New	Zealand	 120	 46	 46	 101	 0	 0	 0	 0	 0	 0	 0	 0	 43	 0	 0	 25	
7	 3	 3	 6	 0	 0	 0	 0	 0	 0	 0	 0	 5	 0	 0	 3	
Pakistan	 0	 0	 1324	 317	 0	 0	 1	 3	 303	 0	 1730	 7128	 0	 0	 75	 590	
0	 0	 7	 2	 0	 0	 5	 21	 4	 0	 22	 90	 0	 0	 4	 31	
Papua	New	
Guinea	
0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 1	
0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 8	 0	 0	 1	 13	
Peru	 1	 1	 5	 17	 0.04	 0	 1	 1	 53	 19	 157	 343	 17	 5	 11	 70	
0.5	 0.5	 3	 9	 1	 0	 13	 29	 3	 1	 8	 18	 1	 0	 1	 6	
Philippines	 0	 0	 0	 0	 0	 0	 0	 0	 0	 4461	 4646	 6067	 0	 0	 225	 554	
0	 0	 0	 0	 0	 0	 1	 9	 0	 36	 38	 49	 0	 0	 5	 12	
Poland	 0	 2093	 3396	 4385	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	
0	 23	 38	 49	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	
Russia	 2734	 3492	 2242	 3053	 74	 79	 74	 79	 359	 394	 297	 298	 292	 349	 229	 289	
6	 8	 5	 7	 14	 15	 14	 15	 27	 29	 22	 22	 13	 16	 10	 13	
Rwanda	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 32	 32	
0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 100	 100	
Saudi	Arabia	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 5	 5	 0	 0	
0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 6	 6	 0	 0	
Slovakia	 0	 0	 611	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	
0	 0	 36	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	
Somalia	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 2	
0	 0	 0	 1	 0	 0	 0	 0	 5	 4	 4	 2	 0	 0	 0	 1	
Sri	Lanka	 0	 0	 0	 0	 1	 0	 1	 1	 0	 1013	 2303	 2081	 7	 31	 31	 31	
0	 0	 0	 0	 72	 50	 72	 72	 0	 42	 95	 85	 24	 100	 100	 100	
Sudan	 1202	 1489	 1214	 1760	 0	 0	 0	 0	 0	 0	 0.1	 0	 0	 0	 0	 1	
63	 78	 64	 92	 0	 0	 0	 0	 0	 0	 1	 0	 0	 0	 0	 0.5	
Sweden	 2743	 3236	 3236	 3236	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	
85	 100	 100	 100	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	
Thailand	 0	 0	 0	 1	 0	 0	 0	 0	 0	 3079	 1985	 5431	 0	 0	 0	 0	
0	 0	 0	 52	 0	 0	 0	 0	 0	 12	 8	 21	 0	 0	 0	 0	
Ukraine	 0	 1380	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	
0	 11	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	
United	
Kingdom	
28	 739	 988	 1537	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	
0.2	 5	 7	 10	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	
United	
States	
4918	 10087	 11022	 11407	 53	 36	 0	 10	 0	 0	 0	 0	 1592	 0	 9	 0	
8	 17	 18	 19	 0	 0	 0	 0	 0	 0	 0	 0	 1	 0	 0	 0	
Uruguay	 0	 0	 0	 0	 0	 0	 0	 179	 0	 5	 0	 901	 0	 0	 0	 10	
0	 0	 0	 0	 0	 0	 0	 99	 0	 1	 0	 100	 0	 0	 0	 4	
Yemen	 0	 0	 185	 430	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	














Supplementary Table 4: potentially affected production of crop by RCP with a TOE of decreasing precipitation 594 
change by country. For each country, first row corresponds to production in 1000 tonnes; second row is the 595 
percentage of total country production. Note that only countries with a change are listed. 596 
	 Wheat	 Soybean	 Rice	 Maize	
Country	 RCP26	 RCP45	 RCP60	 RCP85	 RCP26	 RCP45	 RCP60	 RCP85	 RCP26	 RCP45	 RCP60	 RCP85	 RCP26	 RCP45	 RCP60	 RCP85	
Afghanistan	 0	 0	 0	 128	 0	 0	 0	 3	 0	 0	 0	 0	 0	 0	 0	 17	
0	 0	 0	 5	 0	 0	 0	 29	 0	 0	 0	 0	 0	 0	 0	 9	
Albania	 0	 72	 0	 284	 0	 6	 6	 6	 0	 0.1	 0.1	 0.1	 0	 217	 217	 217	
0	 25	 0	 100	 0	 100	 100	 100	 0	 100	 100	 100	 0	 100	 100	 100	
Algeria	 997	 4759	 4759	 4759	 0	 0	 0	 0.1	 0	 0.3	 0	 1	 0.2	 15	 9	 24	
21	 100	 100	 100	 0	 0	 0	 100	 0	 43	 0	 100	 1	 64	 36	 100	
Angola	 4	 3	 4	 4	 0	 0	 0	 0	 0	 0	 0	 0.4	 0	 1	 0	 52	
81	 61	 76	 80	 0	 0	 0	 0	 0	 0	 0	 2	 0	 0.2	 0	 10	
Armenia	 0	 0	 0	 0	 0	 0	 0.5	 1	 0	 0	 0	 1	 0	 0	 0	 88	
0	 0	 0	 0	 0	 0	 49	 100	 0	 0	 0	 38	 0	 0	 0	 100	
Australia	 1376	 10361	 10483	 10834	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	
4	 27	 27	 28	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	
Austria	 0	 0	 0	 0	 0	 0	 0	 11	 0	 0	 0	 0	 0	 0	 0	 829	
0	 0	 0	 0	 0	 0	 0	 12	 0	 0	 0	 0	 0	 0	 0	 24	
Azerbaijan	 0	 0	 0	 411	 0	 0	 0	 2	 0	 0	 0	 3	 0	 0	 0	 114	
0	 0	 0	 34	 0	 0	 0	 99	 0	 0	 0	 14	 0	 0	 0	 94	
Belgium	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 15	
0	 0	 0	 0	 0	 0	 100	 100	 0	 0	 0	 0	 0	 0	 0	 7	
Belize	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 3	 0	 0	 0	 0	
0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 35	 0	 0	 0	 0	
Bosnia	and	
Herzegovina	
0	 0	 0	 0	 0	 0	 12	 25	 0	 0	 0	 0	 0	 249	 1130	 1030	
0	 0	 0	 0	 0	 0	 49	 97	 0	 0	 0	 0	 0	 22	 100	 91	
Botswana	 12	 12	 12	 12	 0	 0	 0	 1	 0	 0.005	 0	 0.01	 0	 0	 0	 1	
100	 100	 100	 100	 0	 0	 0	 4	 0	 3	 0	 8	 0	 0	 0	 4	
Bulgaria	 0	 0	 836	 3210	 0	 1	 20	 22	 0	 18	 105	 107	 0	 0	 388	 1244	
0	 0	 25	 95	 0	 3	 92	 100	 0	 16	 98	 100	 0	 0	 31	 100	
Chile	 0	 532	 1192	 692	 0	 0	 0	 0	 0	 0	 19	 0	 1	 12	 479	 22	
0	 40	 90	 52	 0	 0	 0	 0	 0	 0	 12	 0	 0.1	 1	 51	 2	
Croatia	 0	 0	 0	 98	 0	 0	 13	 85	 0	 0	 0	 0	 0	 451	 909	 2298	
0	 0	 0	 11	 0	 0	 15	 100	 0	 0	 0	 0	 0	 20	 40	 100	
Cuba	 0	 0	 0	 0	 0	 0	 0	 0	 0	 92	 0	 488	 0	 15	 0	 15	




2	 1	 1	 1	 0	 0	 0	 0	 59	 0	 0	 0	 144	 0	 0	 0	
8	 4	 5	 7	 0	 0	 0	 0	 7	 0	 0	 0	 7	 0	 0	 0	
Egypt	 0	 2655	 4177	 6266	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	
0	 15	 24	 36	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	
El	Salvador	 0	 0	 0	 0	 0	 0	 0	 1	 0	 0	 0	 0	 0	 0	 0	 0	
0	 0	 0	 0	 0	 0	 0	 100	 0	 0	 0	 0	 0	 0	 0	 0	
France	 0	 2051	 2685	 8679	 0	 240	 256	 277	 0	 172	 215	 215	 0	 12860	 14915	 15232	
0	 6	 8	 26	 0	 86	 92	 100	 0	 80	 100	 100	 0	 78	 90	 92	
Georgia	 0	 0	 0	 0	 0	 0	 1	 1.2	 0	 0	 0	 0	 0	 0	 160	 312	
0	 0	 0	 0	 0	 0	 37	 51	 0	 0	 0	 0	 0	 0	 41	 79	
Greece	 0	 1098	 1827	 2470	 0	 3	 4	 5	 0	 96	 210	 210	 0	 1189	 2112	 2112	
0	 44	 74	 100	 0	 60	 80	 100	 0	 46	 100	 100	 0	 56	 100	 100	
Guatemala	 0	 1	 1	 1	 0	 39	 31	 12	 0	 10	 4	 0	 0	 446	 446	 0	
0	 11	 11	 11	 0	 75	 61	 23	 0	 16	 7	 0	 0	 31	 31	 0	
Haiti	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 127	 0	
0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 100	 0	
Honduras	 0	 0	 0	 0	 0	 0	 0	 0.3	 0	 0	 0	 6	 0	 0	 0	 264	
0	 0	 0	 0	 0	 0	 0	 6	 0	 0	 0	 27	 0	 0	 0	 46	
Hungary	 0	 0	 0	 0	 0	 0	 0	 70	 0	 0	 0	 19	 0	 0	 0	 5466	
0	 0	 0	 0	 0	 0	 0	 100	 0	 0	 0	 100	 0	 0	 0	 100	
Iran	(Islamic	
Republic	of)	
0	 0	 0	 744	 0	 0	 0	 45	 0	 129	 0	 2522	 0	 10	 0	 711	
0	 0	 0	 3	 0	 0	 0	 13	 0	 3	 0	 63	 0	 0.3	 0	 24	
Iraq	 0	 0	 30	 100	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	
0	 0	 9	 30	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	
Israel	 0	 61	 97	 100	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	
0	 61	 97	 100	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	
Italy	 0	 1285	 3657	 5781	 0	 1	 397	 1025	 0	 6	 1334	 1512	 0	 550	 6297	 10523	
0	 20	 58	 92	 0	 0	 39	 100	 0	 0	 88	 100	 0	 5	 60	 100	
Jordan	 0	 116	 138	 138	 0	 0	 0	 0.1	 0	 0	 0	 0	 0	 0	 0	 2	
0	 80	 95	 95	 0	 0	 0	 100	 0	 0	 0	 0	 0	 0	 0	 2	
Kyrgyzstan	 0	 0	 0	 0	 0	 0	 0	 0.003	 0	 0	 0	 0	 0	 0	 0	 51	
0	 0	 0	 0	 0	 0	 0	 3	 0	 0	 0	 0	 0	 0	 0	 18	
Lebanon	 0	 0	 193	 193	 0	 0	 0	 1	 0	 0	 0	 0	 0	 0	 0	 0	
0	 0	 100	 100	 0	 0	 0	 100	 0	 0	 0	 0	 0	 0	 0	 0	
Lesotho	 0	 0	 22	 49	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	
0	 0	 36	 79	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	
Libyan	Arab	
Jamahiriya	
0	 217	 112	 449	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	
0	 28	 15	 59	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	
Luxembourg	 0	 0	 0	 0	 0	 0	 0	 0.01	 0	 0	 0	 0	 0	 0	 0	 2	
0	 0	 0	 0	 0	 0	 0	 100	 0	 0	 0	 0	 0	 0	 0	 1000	
Madagascar	 6	 6	 8	 8	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	
55	 58	 74	 78	 0	 0	 0	 5	 0	 0	 0	 0	 0	 0	 0	 0	
Malawi	 1	 1	 2	 2	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	
8	 14	 16	 16	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	
Mauritania	 0	 0	 0	 0.05	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	
0	 0	 0	 10	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	
Mexico	 0	 2899	 1095	 3402	 0	 0	 0	 0	 0	 0	 0	 12	 0	 328	 0	 2429	
0	 74	 28	 87	 0	 0	 0	 0	 0	 0	 0	 3	 0	 2	 0	 14	
Montenegro	 0	 0	 0	 90	 0	 0	 0	 12	 0	 0	 0	 0	 0	 0	 468	 204	
0	 0	 0	 44	 0	 0	 0	 47	 0	 0	 0	 0	 0	 0	 100	 44	
Morocco	 2177	 4450	 4893	 4893	 0.2	 1	 1	 2	 32	 45	 49	 49	 37	 246	 260	 344	
44	 91	 100	 100	 9	 51	 39	 95	 66	 91	 100	 100	 11	 72	 76	 100	
Mozambique	 6	 6	 7	 7	 0	 0	 0	 0	 0	 0	 0	 18	 0	 0	 0	 0	
84	 86	 92	 90	 0	 0	 0	 0	 0	 0	 0	 10	 0	 0	 0	 0	
Namibia	 7	 8	 9	 8	 0	 0.04	 0	 0.1	 0	 0	 0	 0.01	 0.4	 3	 0	 27	
85	 87	 100	 96	 0	 63	 0	 93	 0	 0	 0	 5	 1	 6	 0	 59	
Nicaragua	 0	 0	 0	 0	 0	 0	 0	 1	 0	 0	 0	 0	 0	 0	 0	 73	
0	 0	 0	 0	 0	 0	 0	 6	 0	 0	 0	 0	 0	 0	 0	 16	
Portugal	 0	 0	 194	 321	 1	 2	 2	 2	 0	 112	 228	 228	 0	 547	 1117	 1117	
0	 0	 61	 100	 60	 100	 100	 100	 0	 49	 100	 100	 0	 49	 100	 100	
Republic	of	
Moldova	
0	 0	 0	 0	 0	 0	 0	 9	 0	 0	 0	 1	 0	 0	 0	 1620	
0	 0	 0	 0	 0	 0	 0	 65	 0	 0	 0	 24	 0	 0	 0	 100	
Romania	 0	 0	 0	 3425	 0	 0	 45	 132	 0	 0	 8	 9	 0	 0	 0	 8722	
0	 0	 0	 58	 0	 0	 34	 100	 0	 0	 78	 92	 0	 0	 0	 90	
Russia	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 99	 0	 0	 0	 28	
0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 7	 0	 0	 0	 1	
Serbia	 0	 0	 0	 298	 0	 0	 101	 160	 0	 0	 5	 5	 0	 0	 1829	 4044	
0	 0	 0	 15	 0	 0	 63	 100	 0	 0	 99	 100	 0	 0	 45	 100	
Slovakia	 0	 0	 0	 0	 0	 0	 0	 2	 0	 0	 0	 0	 0	 0	 0	 694	
0	 0	 0	 0	 0	 0	 0	 7	 0	 0	 0	 0	 0	 0	 0	 80	
Slovenia	 0	 0	 0	 0	 0	 0	 0	 2	 0	 0	 0	 0	 0	 0	 0	 236	
0	 0	 0	 0	 0	 0	 0	 100	 0	 0	 0	 0	 0	 0	 0	 100	
South	Africa	 736	 2157	 2639	 2687	 0	 0	 19	 36	 0	 0	 0.4	 1	 3	 20	 35	 361	
27	 79	 97	 99	 0	 0	 9	 18	 0	 0	 13	 21	 0.04	 0.2	 0.4	 4	
Spain	 0	 3292	 5817	 5920	 0.2	 5	 8	 7	 0	 475	 839	 789	 0	 3709	 4488	 4415	
0	 55	 96	 98	 4	 68	 96	 94	 0	 57	 100	 94	 0	 83	 100	 98	
Swaziland	 0	 2	 0.3	 2	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	
0	 100	 16	 100	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	
Switzerland	 0	 0	 0	 46	 0	 0	 0	 16	 0	 0	 0	 73	 0	 0	 0	 283	
0	 0	 0	 8	 0	 0	 0	 83	 0	 0	 0	 100	 0	 0	 0	 73	
Syrian	Arab	
Republic	
0	 2038	 7918	 5910	 0	 0	 7	 11	 0	 0	 0	 0	 0	 0	 0	 508	
0	 24	 94	 70	 0	 0	 53	 81	 0	 0	 0	 0	 0	 0	 0	 81	
Tajikistan	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 18	





0	 0	 141	 296	 0	 0.3	 9	 9	 0	 5	 14	 14	 0	 0	 183	 183	
0	 0	 48	 100	 0	 3	 100	 100	 0	 37	 100	 100	 0	 0	 100	 100	
Tunisia	 0	 620	 2114	 1601	 0	 0	 0	 0	 0	 0	 0	 0.04	 0	 0	 0	 0	
0	 29	 100	 76	 0	 0	 0	 0	 0	 0	 0	 100	 0	 0	 0	 0	
Turkey	 0	 5447	 14620	 17360	 0	 8	 84	 90	 0	 40	 247	 285	 0	 13	 986	 1859	
0	 28	 74	 88	 0	 9	 93	 99	 0	 12	 73	 84	 0	 1	 41	 77	
Turkmenistan	 0	 0	 0	 0	 0	 0	 0	 5	 0	 0	 0	 55	 0	 0	 0	 20	
0	 0	 0	 0	 0	 0	 0	 100	 0	 0	 0	 34	 0	 0	 0	 40	
Ukraine	 0	 0	 0	 972	 0	 0	 0	 7	 0	 0	 0	 8	 0	 0	 0	 1082	
0	 0	 0	 8	 0	 0	 0	 8	 0	 0	 0	 10	 0	 0	 0	 25	
Uzbekistan	 0	 0	 0	 0	 0	 0	 0	 0.01	 0	 0	 0	 0	 0	 0	 0	 38	
0	 0	 0	 0	 0	 0	 0	 3	 0	 0	 0	 0	 0	 0	 0	 17	
Venezuela	 0	 0	 0	 0.02	 0	 0	 0	 0.1	 0	 0	 0	 25	 0	 0	 0	 9	
0	 0	 0	 3	 0	 0	 0	 2	 0	 0	 0	 4	 0	 0	 0	 1	
Zambia	 60	 61	 60	 61	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 237	
97	 98	 97	 98	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 0	 29	
Zimbabwe	 81	 81	 81	 81	 0	 0	 0	 9	 0	 0	 0	 0.1	 0	 0	 0	 47	































































































Fig S1:  Coefficient of variation of monthly precipitation over the period 1900-2005, by (a) CRU, (b) CMIP5 691 
historical simulations, (c) CMIP5 - CRU percentage differences. 692 
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Fig S2: Interannual component of 1900-2005 variance. (a) CRU, (b) CMIP5 mean, (c) CMIP5-CRU percentage 747 
difference. 748 
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 808 
FigS4: Distribution of difference between model coefficient of variation and CRU coefficient of variation for each 809 
of the 21 models considered in the study. (a) All land points north of 40°N, (b) land points between 40°N and 40°S), 810 
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Fig S5: Time of emergence of precipitation signal for (a) RCP2.6 Apr-Sep, (b) RCP2.6 Oct-Mar, (c) RCP4.5 Apr-827 
Sep, (d) RCP4.5 Oct-Mar, (e) RCP6.0 Apr-Sep, (f) RCP6.0 Oct-Mar, (g) RCP8.5 Apr-Sep, (h) RCP8.5 Oct-Mar. 828 
Blue colour scale used for regions with precipitation increase and red colour scale used for regions with precipitation 829 
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Figure S6: Annual mean percentage precipitation change at the TOE for (a) RCP2.6, (b) RCP4.5, (c) RCP6.0 and (d) 841 
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Figure S7: Time of emergence (year) of precipitation changes for RCP6.0 by growing season of (a) wheat, (b) 875 
soybean, (c) rice and (d) maize. Red colours scale used for regions with precipitation decrease. Blue colour scale 876 
used for regions with precipitation increase. Grey indicates regions where crop is grown. Stripling indicates 877 
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Figure S10: Changes in yield as a result of projected changes in precipitation. Data from a meta-analysis of 1,103 961 
individual crop model simulations from ref.1. 962 
 963 
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